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Abstract 
Industries focus on technological and economic growth. Environmental degradation is an adverse outcome of rapid industrial growth. Besides 
technological and economic objectives; it is equally important to consider environmental impacts as well. This research aims to quantify an 
eco-efficient manufacturing process, which minimizes resource utilization. Laboratory experiments were conducted to identify significant 
factors that influence the Green Index of the unit manufacturing process and simulation was used for optimization of these factors settings. 
Additionally, parameters influencing the work environment adversely were identified and minimized. The results suggested significant 
improvement in the Green Index of the unit manufacturing process  
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1. Background and motivation 
      A sustainable manufaturing system targets  environmental 
and social objectives besides economic objectives. 
Engineering research, however, lacks to  offer  appropriate  
tools to aid such  decisions due to the  evolving nature and  
intricacies of the sustainable manufacturing research field [1].  
      As per Deloitte and Touche, sustainability is a concept 
and an epitome that has its  distinct  effectuation  and  
interpretation  in different  disciplines. For example, business 
field interprets sustainability as choosing business strategies 
and activities that  accomplish  the  requirements of the 
enterprise and its stakeholders today while  shielding, 
sustaining and  increasing  the human and natural resources  
for the future needs [2]. 
 
 
 
 
Nomenclature 
ABC      Artificial bee colony  
f             Feed (mm/min) 
Fth          Thrust force (N) 
MQLm   Minimum Quantity lubrication using mineral oil 
MQLv    Minimum Quantity lubrication using vegetable oil 
Nav         Average noise intensity (dB) 
Npk         Peak noise intensity (dB) 
PM10      Aerosol concentration (µg/m3) 
Ra           Roughness parameter (µm) 
Vc           Cutting speed (m/min) 
1.1 Green Manufacturing and sustainability 
      The frequently used definition of sustainability is: 
‘‘meeting the needs of the present generation without 
compromising the ability of future generations to meet their 
own needs’’ [3]. The word “green” is used to depict 
environmental awareness linked to manufacturing. It is used 
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to  depict manufacturing approach that  takes into account 
production/product impact on the environment and resources, 
and  adds such impact in its overall efficiency, planning, and 
control. Green manufacturing deals with  conserving 
sustainability’s environmental, economical and social 
objectives in the manufacturing domain. Controlling   
hazardous emissions,  extinguishing uneconomical  resources 
consumption and recycling are some examples of sustainable 
green manufacturing activities [3]. Manufacturing is the  
prime  section for industrial energy  utilization, and industrial 
pollution. It is  liable for 84% of energy-related industry CO2 
emissions,  in addition to consuming 90% of industrial 
energy. [4]. 
 
1.1.1 Green manufacturing aspects 
 
 One of the three aspects determine whether the product is 
green or not: environmental impact is lower than conventional 
products, the impact is  inconsiderable, or it  enriches  the 
environment. As per  Green Option Matrix  formulated  by 
Dangelico, and Pierpaolo [5], examples  are: a green product 
that  targets on energy  either   utilizes less energy than 
conventional products  (or,   renewable energy is a part of the 
overall energy used), and a green product that targets 
pollution is  the one  which has less ill effects on the 
environment  than conventional products.  
This work  encompasses the  following facets of green 
index: (i) minimising energy, and (ii) minimising pollution. 
 
1.1.2  Health aspects in manufacturing 
 
    In sustainability  appraisal, three metric sets are quantified  
viz. economic, environmental, and social. The social  arena of 
sustainable manufacturing  looks at  human safety and societal 
benefits. Manufacturers furnish a safe and healthy 
environment  giving due consideration to worker safety, 
workplace illumination and noise levels [6]. For example, 
research had identified prevalent hazards like hypertension 
[6], and cardiovascular effects in workers due to components 
of noise [7], in manufacturing sector. Hazards are also 
associated with aerosol concentration, which in turn is 
function of air particle size and number. Atmadi [8], Dasch 
[9], and Djebara [10] are amongst the contributors who 
worked in this area. 
     This work  considers  noise intensity and aerosol 
concentration during machining as factors impacting the 
health of the operator. 
1.2 Unit manufacturing process 
  Considering manufacturing as a system, manufacturing 
activities can be seen as consisting of multiple levels, from an 
elemental level (unit process) to that of the entire enterprise,  
incorporating  all the activities in the manufacturing system. 
Duflou et al. [4] specify single machine tool as the  building 
block of the production system. Dominating factors of energy 
consumption at elementary level in manufacturing processes 
are cutting time, and process efficiency,  based on cutting 
force and torque [11]. 
     We considered a unit manufacturing process as the focus 
of this research to quantify and characterize the initial aspects 
of a  wide  framework necessary to characterize green 
manufacturability. 
1.3 Green manufacturing in drilling 
 The recent past had witnessed  considerable research in 
green manufacturing in the field of drilling processes. 
1.3.1 Green aspects in drilling 
       Delivery and cleaning of cutting fluids necessitate high 
amount of energy in manufacturing,  and it has been  noticed 
that under certain circumstances, up to 32% of the total 
energy  consumption of a manufacturing plant has been 
attributed to cutting fluids (which is even  more when cooling 
related  aids such as mist collectors are  incorporated) [12]. 
Researchers have targeted alternate (ecologically benign) 
cutting fluid, like Burton et al. [13] had used canola vegetable 
oil in a drilling process. 
      Drilling was considered as a ‘unit manufacturing process’ 
for this study and data was collected on the aforesaid facets of 
greenness  using this unit process.  
 
1.3.2 Minimum Quantity Lubrication in drilling 

      Minimum quantity lubrication (MQL) is a technique  
employing  a spray of small oil droplets in a compressed air 
jet. The lubricant is dispersed directly into the cutting zone, as 
a  substitute  for the  immense flows of conventional flood 
coolant.  Since the air jet transports the oil droplets directly in 
the cutting area, it  ensures efficient lubrication [13].  Special  
set up and arrangements are  demanded when MQL method is  
employed  to allow the fluid to  perforate  the cutting zone 
efficiently. Researchers have demonstrated  MQL as one of 
the  spectacular  techniques for green manufacturing. Several 
experimental studies have  been conducted on the 
Environment Friendly Machining few of which refer to 
vegetable based cutting fluids [13–22]. For example, Mendes 
et al. [14] investigated the performance of cutting fluids in the 
drilling of AA 1050-O aluminium and applied cutting fluid as 
a mist to exhibit the performance of MQL in the drilling. 
      MQL fluid application method (for mineral, and vegetable 
oils) is compared with other methods in this research. 
1.4 Manufacturing and simulation 
 Numerous techniques using simulation iterations have  
come into   existence for locating optimal solutions to 
intricate and difficult optimization problems  (which have 
emerged in the field of engineering, and management). A few 
examples of applications are Genetic Algorithm [23], 
Artificial Neural Networks [24], and Artificial Bee Colony 
(ABC) artificial bee colony (ABC) algorithm [25]. 
An artificial bee colony (ABC) algorithm is governed by 
swarm intelligent based algorithms. It utilizes the intelligence 
of the foraging behavior of swarm of bees to  infer solutions 
for optimization problems. ABC algorithm with its variants 
has been proved to be promising  to solve various 
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unconstrained numerical optimization problems. In the 
experiments, the extended version of ABC algorithm has 
shown better performance than Particle Swarm Optimization 
(PSO) and, Differential Evolution (DE) [26-27]. ABC 
literature [28-34] witnesses the vast applications of ABC in 
machining domain.  
A simulation implementation of ABC algorithm  was used 
in this work to  numerically analyze  the optimal solution to 
the model generated from the experimental data. A greedy 
selection algorithm was used for the selection process; 
adapted from a previous research [28-29].   
2. Experimental work  
     The unit manufacturing process of this study, drilling, had 
the input variables as cutting speed (Vc) and feed (f) under 
four different cooling mediums namely dry, flood and MQLv 
(‘Servo-cut S’ mineral oil), and MQLv (‘Canola’ vegetable 
oil). Thrust force (Fth), surface roughness (Ra), average noise 
intensity (Nav), peak noise intensity (Npk), and aerosol 
concentration (PM10) are taken as responses. MQLm oil is 
used in distilled water with 8% concentration, and MQLv is 
prepared as emulsion, using a method similar to Burton [46]. 
Experimentation workpiece was Duralumin alloy (2024-
T351) having extensive applications in aerospace. Workpiece 
of size 150 mm × 40 mm × 20 mm with wooden packing 
underneath was mounted on the machine vice, which was in 
turn mounted on the machine work table. HSS two flute twist 
drill bit of 8 mm dia. was the tool used. Fth values were  
measured using an online monitoring system with the help of 
KISTLER rotary dynamometer, type 9123C, and the data was 
recorded using LabVIEW software.  Surface roughness (Ra) 
was measured using ‘Mitutoyo SJ-301 Portable Surface 
Roughness Tester’ for each experiment. Noise intensity was 
recorded using Extech SDL600 sound level meter with 
sampling rate set to one second with an ‘A’ weighting scale 
(similar to the frequency response of the human ear). 
LASAIR II particle counter (model 310A) was used for 
measuring particle size in order to obtain aerosol 
concentration. The particle counter inlet nozzle was kept at 
500 mm from the workstation. Measuring intruments setup is 
shown in Fig.1.  
 
Fig. 1. Measuring instruments setup with EMCO concept mill 250. 
Response Surface Methodology Central Composite Design 
(RSM CCD) was used for conducting and analysing 
experimental data. 14 experiments in each of the four cooling 
mediums (dry, flood, MQLm, and MQLv) with five levels for 
both cutting speed, and feed was conducted. Four replications 
for each treatment were performed with the same drill bit and 
an average was taken from it. Also, a new drill bit was used 
for each treatment (all four replications). There were 224 (14 
x 4 x 4) individual experiments. The value of Ra was taken 
only when the new drill bit was used for the first time, 
resulting in 56 observations. In each of these 56 sample holes, 
10 measuring locations were randomly chosen and the values 
were averaged. All equipment calibration was done before the 
start of the experiments. Cutting conditions used for this study 
are given in Table 1. 
Table 1. Levels for RSM CCD, and other cutting conditions. 
Parameter Value 
Cutting speed, Vc (m/min) 
Feed, f (mm/min) 
50, 72, 125, 178, and 200. 
130, 184, 315, 446, and 500. 
Cutting depth (mm) 20 mm through hole.  
Coolant flow rate 6.5 litre/minute. 
MQL flow rate 20 ml/hr 
3. Results and discussions 
As spindle energy is a function of the cutting force; we 
used it as an indicator of the energy consumed by unit 
manufacturing process. Significant changes in process 
parameters were monitored using surface roughness values. 
ANOVA was used to identify those factors influencing the 
green index of the unit manufacturing process. Tables 2, 3, 4, 
5 and 6 summarize ANOVA results for Fth, Ra, Nav, Npk, and 
PM10  respectively. 
 
Table 2. ANOVA for Fth model using three factors 
Source DF Adj SS Adj MS F-Value P-Value 
Regression 8 2057446 257181 115.13 0 
Vc 1 238241 238241 106.65 0 
F 1 59533 59533 26.65 0 
Medium 3 116697 38899 17.41 0 
Vc*f 1 147835 147835 66.18 0 
Vc*Vc 1 775721 775721 347.25 0 
f*f 1 25173 25173 11.27 0.002 
Error 47 104994 2234   
Total 55 2162441    
 
Fig. 2. Influence of the interaction between speed and feed (in MQLv case) on   
(a) Thrust force, and (b) Roughness 
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Table 3. ANOVA for Ra model using three factors 
Source DF Adj SS Adj MS F-Value P-Value 
Regression 8 23.979 2.99738 83.55 0 
Vc 1 0.4801 0.48011 13.38 0.001 
f 1 0.2096 0.20955 5.84 0.02 
Medium 3 20.5069 6.83564 190.53 0 
Vc*f 1 0.648 0.64802 18.06 0 
Vc*Vc 1 0.095 0.09497 2.65 0.11 
f*f 1 0.0905 0.09055 2.52 0.119 
Error 47 1.6862 0.03588   
Total 55 25.6653    
          
Table 4. ANOVA for Nav model using three factors 
Source DF Adj SS Adj MS F-Value P-Value 
Regression 8 528.125 66.0156 8.58 0 
Vc 1 32.171 32.1706 4.18 0.047 
f 1 53.37 53.3697 6.93 0.011 
Medium 3 91.31 30.4368 3.95 0.014 
Vc*f 1 0.719 0.7192 0.09 0.761 
Vc*Vc 1 95.591 95.5915 12.42 0.001 
f*f 1 54.163 54.1634 7.04 0.011 
Error 47 361.818 7.6983   
Total 55 889.943    
 
Table 5. ANOVA for Npk model using three factors 
Source DF Adj SS Adj MS F-Value P-
Value 
Regression 8 12059.7 1507.46 7.34 0 
Vc 1 26.6 26.58 0.13 0.721 
f 1 1366.8 1366.83 6.65 0.013 
Medium 3 1404.3 468.12 2.28 0.092 
Vc*f 1 1103.9 1103.9 5.37 0.025 
Vc*Vc 1 1755.3 1755.33 8.55 0.005 
f*f 1 4417.4 4417.39 21.51 0 
Error 47 9653.3 205.39   
Total 55 21713    
 
Table 6. ANOVA for PM10 model using three factors 
Source DF Adj SS Adj MS F-Value P-Value 
Regression 8 95238942 11904868 95.22 0 
Vc 1 13685 13685 0.11 0.742 
f 1 29775 29775 0.24 0.628 
Medium 3 95124837 31708279 253.61 0 
Vc*f 1 8561 8561 0.07 0.795 
Vc*Vc 1 11574 11574 0.09 0.762 
f*f 1 66672 66672 0.53 0.469 
Error 47 5876197 125025   
Total 55 101115139    
 
 Tables 2 and 3 suggest that speed, feed, and medium of 
fluid application significantly influence force and roughness. 
Regression models were obtained for Fth and Ra; with Vc and f 
as independent variables, and ‘Medium’ as the categorical 
variable. The resulting model consisted of four equations for 
the four types of medium. Equations for Fth were: 
 
Dry       Fth = 685.4 - 9.852 Vc + 2.011 f - 0.01384 Vc *f                    
                      + 0.05763 Vc * Vc  + 0.001705 f*f 
 
Flood   Fth= 622.3 - 9.852 Vc + 2.011 f - 0.01384 Vc *f                    
                      + 0.05763 Vc * Vc + + 0.001705 f*f 
 
MQLm   Fth= 581.9 - 9.852 Vc + 2.011 f - 0.01384 Vc *f                    
                      + 0.05763 Vc * Vc + + 0.001705 f*f 
 
MQLv   Fth= 567.8 - 9.852 Vc + 2.011 f - 0.01384 Vc *f                    
                      + 0.05763 Vc * Vc + + 0.001705 f*f 
 
Similarly, equations for Ra were: 
 
Dry       Ra = 0.612 + 0.01399 Vc + 0.00377 f  
                  - 0.000029 Vc *f - 0.000020 Vc * Vc  + 0.000003 f*f 
 
Flood   Ra = -0.660 + 0.01399 Vc + 0.00377 f  
                  - 0.000029 Vc*f  - 0.000020 Vc * Vc  + 0.000003 f*f 
 
MQLm   Ra = -0.814 + 0.01399 Vc + 0.00377 f  
                  - 0.000029 Vc*f  - 0.000020 Vc * Vc  + 0.000003 f*f 
 
MQLv    Ra = -0.854 + 0.01399 Vc + 0.00377 f  
                  - 0.000029 Vc*f  - 0.000020 Vc * Vc  + 0.000003 f*f 
 
 From the above equations, the MQLv model has the 
minimum intercept value, which is also evident from Figure 3. 
Hence, only those regression equations for Fth, and Ra for the 
MQLv case were used for the optimization stage. Coefficient 
of determination (R2(adj.)) values for this model for  Fth and 
Ra  were 94.32 and 92.31 respectively.  
              
                       Fig. 3. (a) Thrust force vs speed (at f = 315 mm/min);  
                                  (b) Roughness vs speed (at f = 315 mm/min).  
 
 Optimization using ABC algorithm for a multi-objective 
scenario was then conducted by combining the individual 
models. Weighted-sum method of ABC was conducted to 
combine the equations where coefficients of Ra was scaled up 
using ratio of 1:475, where 475 is the ratio of means of Fth to 
Ra.  
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Table 7 summarizes the control parameters values chosen 
for easy convergence of the optimization problem. The ABC 
algorithm outputs for all three replications were consistent: Vc 
= 101.03 m/min, and f = 130 mm/min. The early convergence 
of the ABC algorithm is shown in Fig. 4, suggesting well 
behaved experimental data. 
Table 7. Control parameters for ABC simulation 
Control parameter Value 
Swarm size 10 
Number of employed bees 50% of the swarm size 
Number of onlookers 50% of the swarm size 
Number of scouts per cycle 1 
Number of cycles 2000 
Number of runs 3 
             Fig. 4. Convergence of ABC algorithm 
 
      The workplace environment variables, viz., noise intensity, 
and aerosol concentration can change significantly with 
medium (high F-value in respective ANOVA Tables 4-6). 
Figure 5 represents variations of noise intensity levels with 
feed, and the differences in outputs with respect to mediums. 
Lowest Nav in dry drilling case may be due to absence of 
noise from coolant pump in case of flood, or air flow sound in 
case of MQL.  High Npk in dry case may be due to chatter at 
tool-work piece interface at certain instance due to the 
absence of cutting fluid. 
 
         Fig. 5. (a) Average noise intensity vs feed (at Vc=125 m/min);  
                    (b) Peak noise intensity vs feed (at Vc=125 m/min).  
 
      It can be seen from ANOVA Table 6 that medium of fluid 
application considerably impact (very high F-value) the 
process. High concentration in the case of MQLm and MQLv 
is due to large number of big size (10 µm, or 5 µm dia.) 
particles. Trial experiments indicated that PM10 increases with 
flow rate (reaches up to 9998 µg/m3 at 200 ml/hr flow rate).  
 
              Fig. 6.  Aerosol concentration vs medium (at Vc=125 m/min,  
                                                                                   and f=315 mm/min ). 
 
      Lesser concentration in MQLv in comparison to MQLm 
may be due to the low viscosity of vegetable oil emulsion in 
water as shown in Figure 6. Thus, we suggest MQLv method 
MQLm so that health hazards due to mineral oil aerosol can be 
reduced.  
4. Summary 
      Our research demonstrated that MQLv method decreased 
the machining cost through significant reduction in cutting 
fluid costs, energy costs, and ecological hazards caused from 
the disposal of non-biodegradable cutting fluids. Besides, 
factors effecting work environment adversely are identified. 
This approach can become one of the many techniques for 
improving Green Index of a unit process, and in future of that 
of a complete manufacturing system.  
      Also, through this research, optimum settings of the 
process parameters were determined using ABC simulation. 
The authors are working on the sensitivity analysis, which at 
this point is missing from this study. Our approach can be 
adapted for quantifying the green index of a manufacturing 
facility, though the results might not be directly transferable. 
By using discrete event simulation tools such as ARENA, 
similar to the approach of Caggiano [35], a factory level green 
index study is being undertaken.  
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